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Figure S1. Distribution of target types across all assays in the Hofmarcher dataset. Each bar 
represents the number of assays associated with a specific target type, such as single proteins, 
cell-line (viability) assays. 
 



 
Figure S2. Distribution of performance of three different models across the assays (dots) when; 
(a) there are >= five active compounds, (b) < five active compounds in the tested assay. The 
logistic regression models perform comparably to the more sophisticated multi-task neural 
network in both scenarios, but (b) demonstrates that, in the case of assays with limited active 
compounds, using cell count only can lead to superior prediction results.  
 

 
 
  



 

Figure S3. Distribution of physicochemical properties for uniquely predicted true positive 
compounds from each model. Histograms compare the distributions of (A) molecular weight 
(MW), (B) lipophilicity (LogP), (C) topological polar surface area (TPSA), (D) number of hydrogen 
bond donors (HBD), (E) number of hydrogen bond acceptors (HBA), and (F) number of rotatable 
bonds between compounds uniquely predicted as true positives by the Cell Count Feature Model 
(cc_feat) and the All Feature Model (all_feat). Statistical comparisons were conducted using 
independent t-test; features with p < 0.05 are considered significantly different.  



 

Figure S4. (a) Number of Assays out of 24 studied in the EveBio dataset where we observed a 
percentage improvement in AUCPR when using CellProfiler features compared to the best of a 
baseline cell count model of random shuffling or a baseline cell count model using only the cell 
count feature. Distribution of AUCROC achieved by model comapred to (b) total active 
compouines in the test dataset, (c) total compounds in the training data, and (d) the ratio of active 
to inactive compounds in the dataset. All dataset characteristics are mean of three folds, where 
given stratified splits result in individual characteristics of folds to be the same. 
  



 
 
 
Figure S5. Representative Cell Painting images of GR agonist and DMSO-treated cells stained 
for ER (white) and nuclei (DAPI, blue). DMSO (vehicle control), Fluorometholone, 
Dexamethasone, and Hydrocortisone are shown with multiple replicate images (rows). Scale bar: 
100 μm. 



 

 
Figure S6. Representative Cell Painting images of RARb antagonist and DMSO-treated cells 
stained for mitochondria (white) and nuclei (DAPI, blue). DMSO (vehicle control), Ketoconazole, 
Prednisolone, and Progesterone perturbations are shown with multiple replicate images (rows). 
Scale bar: 100 μm. 
 
 

 


